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a b s t r a c t

Several techniques have been proposed to predict the fault proneness of software modules in the absence
of fault data. However, the application of these techniques requires an expert assistant and is based on
fixed thresholds and rules, which potentially prevents obtaining optimal prediction results. In this study,
the development of a fuzzy logic expert system for predicting the fault proneness of software modules is
demonstrated in the absence of fault data. The problem of strong dependability with the prediction
model for expert assistance as well as deciding on the module fault proneness based on fixed thresholds
and fixed rules have been solved in this study. In fact, involvement of experts is more relaxed or provides
more support now. Two methods have been proposed and implemented using the fuzzy logic system. In
the first method, the Takagi and Sugeno-based fuzzy logic system is developed manually. In the second
method, the rule-base and data-base of the fuzzy logic system are adjusted using a genetic algorithm. The
second method can determine the optimal values of the thresholds while recommending the most appro-
priate rules to guide the testing of activities by prioritizing the module’s defects to improve the quality of
software testing with a limited budget and limited time. Two datasets from NASA and the Turkish white-
goods manufacturer that develops embedded controller software are used for evaluation. The results
based on the second method show improvement in the false negative rate, f-measure, and overall error
rate. To obtain optimal prediction results, developers and practitioners are recommended to apply the
proposed fuzzy logic expert system for predicting the fault proneness of software modules in the absence
of fault data.
� 2018 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Prediction of software reliability is become vital and crucial in
software process due to the fast growing of software programs in
terms of size and complexity (Seliya and Khoshgoftaar, 2007).
The main causes for faults in a software system include wrong

specifications and inappropriate configuration development
(Dowd et al. 2006) as well as incorrect design or implementation.
Software fault prediction methods improve the testing process by
focusing and allocating more resources to fault-prone modules
Catal and Diri (2009).

Based on a deep analysis investigation, Radjenović et al. (2013)
and Catal (2011) reported that different sets of software measure-
ment metrics are considered to be appropriate data for building
fault-prediction models. Software quality metrics and faulty data
(referred to here as data labels) of systems that are similar to the
current system or previous versions (historical data) of the consid-
ered software system can be used to build fault prediction models;
this approach is called the supervised learning approach and it is
popular in the area of software fault prediction (Al Dallal, 2015,
2013, 2012a, 2012b; Al Dallal and Briand, 2012). In contrast, unsu-
pervised approaches such as clustering can be employed for quality
assessment when data are unlabeled (Abaei and Selamat, 2014a,
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2014b; Bishnu and Bhattacherjee, 2012). Clustering algorithms
consider a set of similar entities as a group based on specific fea-
tures and then a qualified software engineering expert (Zhong
et al., 2004a) can label clusters as faulty or non-faulty based on
the characteristics of the data inside each cluster. However, finding
a qualified expert is a potentially difficult task (Zhong et al., 2004a).
To overcome this problem, some researchers (Bishnu and
Bhattacherjee, 2012; Catal et al., 2009, 2010; Abaei et al., 2013)
use rule conditions and/or thresholds for quality metrics such as
line of code, cyclomatic complexity, total number of operands,
and total number of operators, provided by Integrated Software
Metrics, Inc. (ISM) (2013) for labeling the clustered groups as
including faulty or non-faulty modules. The key limitation for such
an approach is the existence of variations in metrics threshold val-
ues, thresholds intervals, and rules conditions, which greatly affect
the module labeling results. Typically, vagueness and fuzziness in
metrics threshold values and built rules are noticed, which poten-
tially prevents the gathering of certain results for the optimal pre-
diction solution. To overcome the fuzziness and uncertainty
problem, expert systems based on fuzzy logic can be considered.
To find an optimal solution, it is necessary to account for the
data-base and rule-base sections of the expert system. Although
these two sections can be adjusted manually, it is better to use
optimization techniques, such as genetic algorithms, to obtain
the optimal results. In this paper, we propose two models to design
optimal data-base and rule-base expert systems. The two models
consider the intervals of the metrics thresholds and the selection
of rules for the fault prediction expert system in the absence of
faulty data. Our expert system can be used in both supervised
and unsupervised fault prediction modeling. Apart from men-
tioned issues, since most new projects do not have historical data,
using data from one project to predict defects in another come to
the picture (cross-project prediction), however, most experiments
in cross-project defect prediction report poor performance
(Rahman et al., 2012; Zimmermann et al., 2009).

Several methods have been proposed by researchers in other
engineering areas to develop an optimal knowledge base of the
fuzzy logic expert system. Some of these methods, such as those
proposed by Karr (1991), Ng and Li (1994), Rao and Pratihar
(2007), Vundavilli et al. (2012), used genetic algorithms to identify
the optimal data-base or rule-base expert system. In the present
study, an expert system based on fuzzy logic is developed to iden-
tify the optimal values of the intervals of the metrics thresholds as
well as the optimal rules. Our method allows practitioners to
detect and prioritize modules based on their fault proneness esti-
mations by using simple rules that are based on software measure-
ment thresholds. We evaluated the performance of the obtained
fault prediction models using seven publicly available datasets
(Bishnu and Bhattacherjee, 2012) including three datasets from a
Turkish white-goods manufacturer that develops embedded con-
troller software and four datasets from the NASA repository. In
addition, we empirically compared the fault prediction abilities
of the proposed models with those based on other existing
approaches. The results show that the generated rules can be used
to guide testing efforts and improve the quality of the developed
software systems, especially when developers have a limited time
frame and budget. More specifically, the results show that sug-
gested membership intervals and rules obtained from our pro-
posed model can improve the overall performance of the fault
prediction models compared to other existing models in terms of
a false negative rate.

The main contributions of the paper are as follows:

1. 1 Propose two fuzzy expert systems that can predict software
fault proneness, especially when the faulty data are absent or
historical data are not available.

2. Propose a set of membership value intervals based on six soft-
ware measurement metrics as well as a selection of fuzzy rules
by optimizing the fuzzy expert fault prediction model to
improve the process of predicting software faults, Hence, the
role of experts become less critical and more supportive.

The paper is organized as follows. Section 2 reviews the related
research. The two methods for building fault-prediction models are
presented in Section 3. Section 4 reports and discusses an empirical
evaluation study. Section 5 discusses validity threats to the empir-
ical study. Finally, Section 6 concludes the paper and outlines pos-
sible future work.

2. Related research

In this section, we summarize and discuss relevant research in
the area of fault-proneness prediction. In addition, we provide a
brief overview for two research topics that are considered in this
paper for building fault prediction models, including fuzzy profile
development and genetic algorithms.

2.1. Overview of relevant work

Different techniques have been used for software fault predic-
tion, such as neural networks (Thwin and Quah, 2005), naïve Bayes
(Menzies et al., 2007), logistic regression (Mauša et al., 2012), case-
based reasoning (El Emam, 2001), and the artificial immune recog-
nition system algorithms in (Catal and Diri, 2009, 2007a, 2007b,
2008). As we studied the research papers, we found that most
papers concentrated on supervised approaches; however, there
are lesser studies related to semi-supervised and unsupervised
learning in the field of software fault prediction, despite their
importance and necessity. Thus, in this section, the few available
semi-supervised and unsupervised studies on software fault pre-
diction are reviewed.

Predicting fault-prone and non-fault-prone modules in the
absence of faulty data is usually done based on one of the following
methods:

1. Cluster the data and ask the expert to create a prediction based
on statistical information about the data (Seliya and
Khoshgoftaar, 2007; Zhong et al., 2004a, 2004b).

2. Cluster the data and use metrics thresholds provided by autho-
rized companies to decide on the label of the data (Bishnu and
Bhattacherjee, 2012; Catal et al., 2009, 2010).

3. Use metrics thresholds provided by authorized companies to
decide on the label of the data (Catal et al., 2009, 2010).

Studies using these three methods are summarized and dis-
cussed as follows. Zhong et al. (2004a, 2004b) employed the clus-
tering technique, k-means and neural-gas, with expert assistance,
to build the model using KC2 datasets from NASA. Experts analysed
the cluster fault proneness using statistical data provided by each
cluster. Zhong et al. (2004a, 2004b) repeated their experiments on
a large dataset from NASA, JM1. From both studies, they concluded
that the neural-gas performed slightly poorer for JM1 and only
slightly better for KC2 than k-means, considering the overall error
rate as part of performance evaluation metrics. However, their
approach depends on the availability of a software quality expert
with at least 15 years of experience as they claimed, and the proce-
dure cannot be fully automated as a result.

A constraint-based semi-supervised clustering model was pro-
posed by Seliya and Khoshgoftaar (2007), which used quality
experts to identify clusters’ fault proneness in an iterative manner.
Six NASA datasets were used to evaluate the model performance
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based on information obtained during the semi-supervised
approach using the largest dataset known as JM1. The clustering
was applied to classify modules in several other remaining data-
sets. They concluded that their semi-supervised proposed model
could make better predictions compared with unsupervised
approaches. Their model also depends on the availability of soft-
ware quality experts and therefore cannot be fully automated.

Catal et al. (2009) employed clustering and software measure-
ment metrics threshold values for building fault prediction models.
They claimed that they could minimize the need for experts’ assis-
tance in identifying fault-prone modules from non-fault-prone
modules. They proposed two predictionmodels. The first one is sim-
ply comparing themodule’smetricswith the correspondingmetrics
threshold values.However, in the secondmethod, allmodules inside
the dataset were initially clustered into 20 groups using k-means,
and the one-stage approach was performed using a representative
of each cluster against the metrics threshold values. Their assump-
tion for labeling the modules as faulty was that at least one metric
of the representative module needed to be higher than the corre-
sponding metrics threshold value. Because identifying the number
of clusterswas one of themodel’s drawbacks, Catal et al. (2010) used
x-means clustering to address the issue. They conducted the exper-
iment on the same dataset as a Turkish white-goods manufacturer
that developed embedded controller software (Radjenović, 2013).
They stated that their model could be automated; however, the
accuracy of their proposed model still does not meet expectations.
In addition, using a fixed condition for considering the fault prone-
ness of themodule is highly dependent on the nature of the dataset.
Because they evaluated theirmodels based ononly three small data-
sets, the model cannot be generalized to all datasets.

The quad tree-based k-means (QDK) method proposed by
Bishnu and Bhattacherjee (2012) was one the recent models that
is used for fault prediction. First, the initial cluster centres were
identified using quad trees to improve the k-means algorithm. Fur-
thermore, the quad tree-based approach was employed for the
fault-prediction process. Both the QDK model and Catal et al.
(2009) used same metrics threshold values, datasets, and perfor-
mance evaluation metrics. They claimed that QDK could perform
as well as the k-means algorithm and well-known supervised
approaches namely, the linear discriminate analyses and naive
Bayes. QDK also outperformed two models proposed by Catal
et al. (2009). However, the QDK-based approach has limitations,
such as deciding about the best cluster number. Second, similar
to the Catal et al. (2009) model, they both used small datasets to
evaluate their models, which cannot be generalized to all industrial
datasets. Finally, the model cannot be automated due to its strict
dependency on the users.

The NSGLP method proposed by Zhang et al. (2017) used graph
based semi-supervised learning technique which employed Lapla-
cian score sampling strategy for the labeled defect-free modules.
Their method has three phases; a class-balance labeled training
dataset is constructed at first and then a nonnegative sparse algo-
rithm is used to compute the nonnegative sparse weights of a rela-
tionship graph that serve as clustering indicators. Lastly, a label
propagation algorithm is employed on the non negative sparse
graph to iteratively predict the labels of unlabeled software mod-
ules. They stated that NSGLP outperforms several representative
state-of-the-art semi-supervised software defect prediction meth-
ods, however, the accuracy of their proposed model still could be
improved and they used 21 method-level metrics. In addition,
NSGLP may not perform well when only few labeled data is avail-
able (Li et al., 2017).

Jiang et al. (2011) claimed that they proposed a new model to
overcome the main two challenges in the area of software fault
prediction which are difficulty to collect a large amount of labeled
training data and the problem of imbalanced data set (fewer

defective modules compared to defect-free modules). They pro-
posed a semi-supervised learning approach named ROCUS, which
used random committee as the ensemble of classifiers and
under-sampling as the class-imbalance learning technique. Jiang
et al. stated that ROCUS works better than those semi-supervised
learning methods that ignore the class-imbalance nature of the
task and a class-imbalance learning method that does not make
effective use of unlabeled data. This method also has limitation
similar to those mentioned in Zhang et al. (2017).

FTF is another proposed method by Lu et al. (2011) which used
random forest as the base supervised learner, and the self-training
algorithm is a variant of the original Yarowsky’s algorithm. In the
FTF algorithm, a base supervised learner is iteratively trained from
both labeled and unlabeled data until some stopping criterion is
met. They reported that semi supervised learning improves fault
prediction only if the number of initially labeled software modules
exceeds 5%. FTF method limitations are same as the ones reported
in Zhang et al. (2017), Jiang et al. (2011).

Apart from the mentioned related works, there are other
research papers, which proposed semi-supervised learning method
but applied it on different sets of datasets. Li et al. (2012) proposed
CoForest method based on a sample and the remaining un-
sampled modules. They also proposed another semi-supervised
learning method called ACoForest, which can actively select sev-
eral informative un-sampled modules for testing while automati-
cally exploiting the remaining un-sampled modules for better
performance. Lu et al. (2014) proposed active learning as a way
to automate the development of models which improve the perfor-
mance of defect prediction between successive releases (three suc-
cessive versions of Eclipse).

As mentioned before, managing prediction methods using unla-
beled data is possible with the help of clustering and software
experts or metrics thresholds. However, as reviewed previously,
each has its own problems. Therefore, we designed and developed
our automatic hybrid fuzzy expert prediction model to overcome
the above mentioned problems, especially the problem that occurs
when module labels can be changed based on metrics threshold
value intervals, and the results vary by changing the rule condi-
tions. In fact, considering the fixed values for thresholds and rule
conditions is not the optimal solution. Existing fuzziness in metrics
threshold value intervals and rules lead us to use an expert system
based on fuzzy logic, which will be explained in detail later in this
paper.

It should be mentioned that, some other studies employed
fuzzy logic based approach for fault prediction (Erturk and Sezer,
2016; Vir and Mann, 2013; Yadav and Yadav, 2015); however, all
of them used other measurement metrics such as object oriented
metrics and hence, they cannot be compared with our model.

2.2. Fuzzy profile development

Fuzzy logic by Zadeh (1996) was introduced based on multi-
valued logic proposed by Lukasiewicz (Adams and Farber, 1999;
Gaines, 1976). A fuzzifier, fuzzy rules, fuzzy inference engine, and
defuzzifier are four main components of any fuzzy logic system.
Linguistic variables and membership functions are employed to
convert input crisp values into a fuzzy set, which is called the
fuzzification step. Fuzzy rules are generated after the fuzzification
step is finished. A fuzzy rule has the same structure as an IF–THEN
rule, which is presented in the rule-base. An inference engine,
which is a set of rules defined in the fuzzy rule-base, is used as
the basis for interpreting and employing reasoning fuzzy outputs
that are generated. The defuzzifier maps the fuzzy sets to a single
number as the output.

In other words, in a fuzzy classification approach, a collection of
n data objects (x(1), x(2), . . . , x(n) is represented by a set of m
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attributes x1
(n), x2

(n), . . . , xm
(n). Each attribute in x(n) shows a set of t

discrete linguistic variables LV(xm
(n)) = {LVm1, LVm2, . . . ,LVmt}. Each

input vector is classified into p different fuzzy sets, which are
shown by FS1,FS2, . . ., FSp. The membership function mFS(i)(x

(j))

shows the degree to which x(j) belongs to FSi. In addition, the mem-
bership value mLV(i)(xq

(j)) depicts the degree to which attribute q of
input vector jthx belongs to linguistic variable i (Please refer to
Eqs. (1) and (2)).

The knowledge section of a fuzzy system consists of two parts:
the data-base and rule-base (Nozaki et al., 1997). The data-base
part addresses the partitioning of the input space and the determi-
nation of the membership functions. According to the literature
reviews, there are many ways to determine the membership func-
tions. Some researchers classified the membership functions into
four main categories, which are subjective evaluation and elicita-
tion, converted frequencies and probabilities, physical measure-
ments, and ad-hoc forms and methods (Ramík, 2001; Liu and
Miyamoto, 2012). In subjective evaluation and elicitation, fuzzy
sets can be determined by certain elicitation procedures, which
are usually provided by the experts in the problem area. In con-
verted frequencies and probabilities, membership functions are
constructed based on the information probability curves and fre-
quency histograms. Physical measurements use unique measure-
ments of the features for defining membership functions. In the
learning and adaptation approach, the membership functions of
fuzzy sets can be learned and adapted from a given set of functions.
Some other researchers (Medasani et al., 1998; Soyer et al., 2007)
categorized this method into three main sections: first, subjective
evaluation and elicitation, including measurement-theoretic
approaches (Bilgiç and Türks�en, 2000), intuition-based approaches
(Tzvieli, 1990), and probabilistic approaches (Dubois and Prade,
1997); second, heuristic methods and parameterized functions
(Medasani et al., 1998); and third, estimation methods using syn-
thetic and real datasets, including neural network techniques
(Wilamowski, 2002) and curve fitting methods (Klir and Yuan,
1996). In our experiment, which will be described in Section 5.3,
we used a subjective evaluation and elicitation approach.

There are two major approaches for implementing a fuzzy logic
system (FLS): the Mamdani and Assilian (1999, 1975) and Takagi
and Sugeno (1993) approaches. The consequent part of the rules
in Takagi and Sugeno FLS are not fuzzy, whereas in Mamdani and
Assilian, the fuzzy and the fuzzification process is also needed.
The Mamdani and Assilian rule-base part, along with Takagi and
Sugeno’s, are represented in Eqs. (1) and (2), respectively.

IF x1
ðiÞ is LV1

ðiÞ
� �

AND x2
ðiÞ is LV2

ðiÞ
� �

AND . . . AND xk
ðiÞ is LVk

ðiÞ
� �

THEN FS is FSkð Þ ð1Þ

IF x1
ðiÞ is LV1

ðiÞ
� �

AND x2
ðiÞ is LV2

ðiÞ
� �

AND . . . AND xk
ðiÞ is LVk

ðiÞ
� �

THEN y ¼ f ðxÞ ð2Þ

As also explained at the beginning of this section, x1
(i),x2

(i), . . ., xk
(i)

are casual factors and FS is a decision. LV1
(i), LV2

(i), . . . LVk
(i) are fuzzy

sets representing the kth rule and FSk is the kth rule of fuzzy set. In
other word, LV1

(i), LV2
(i), . . . LVk

(i) and FSkare represent linguistic
terms. In Eq. (2), y is defined by a function ðf xð Þ ¼ a0 þ a1x1+ a2x2

+ � � � þ anxnÞ, that could be constant (0/1). To show how our prob-
lem fits to Eq. (2), one rule could be written as follows:

IF LOC is Lð ÞAND CC is Lð ÞAND UOPR isHð Þ . . . AND TOPND is Lð Þ

THEN Fault ¼ 0

Or

IF LOC isHð ÞAND CC isHð ÞAND UOPR is Lð Þ . . . AND TOPND isHð Þ

THEN Fault ¼ 1

Fuzzy rules are generated for each fuzzy partition; the number
of these rules is equal to that of the fuzzy partitions. For example,
in the case of a four-input and single output fuzzy system with 3
linguistic partitions for each input, 81 rules are generated. There
are different automatic and manual ways of generating the rules.
Fuzzy rules can be extracted through heuristic procedures, decision
trees, neuro-fuzzy techniques, genetic algorithms, rough set the-
ory, and so on. In general, the required knowledge about defining
membership functions as well as rule induction can be gathered
from experts, databases, course materials, and flow diagrams.

2.3. Genetic algorithm

Genetic algorithm (GA) is a population-based algorithm
(Holland, 1992) that is considered one of the meta-heuristic algo-
rithms. The GA learning process is similar to a competition among
the population of all candidates in a problem solution. The GA goal
is to identify the best chromosome along with the best grouping
based on its fitness value while applying the best fitness chromo-
some. The decision as to whether any chromosome will contribute
to the next generation of the solution is made based on the value of
the fitness function.

GA was inspired by the Darwinian theory of evolution using
operators such as population, mutation and crossover to transform
a population of solutions into a new population. The population is a
collection of candidate solutions that are generated in the first step
of the algorithm. To decide on the selection of the best solution, the
fitness function is employed. The number of solutions is selected
based on the fitness function values during the selection process.
The selected solutions (individuals) are used in the breeding (or
crossover) process based on their fitness values to produce two
new individuals. In each generation, an individual can be mutated,
which results in small changes in the individuals.

After each round of simulation, the goal is to identify how close
the M new solutions are to the overall goal and delete a specific
number of the worst solutions. This step was done based on ana-
lysing the fitness value, which is calculated from the fitness func-
tion that results from each solution. Eq. (3) shows the sample
fitness of GA (MSE), where N is the total number of training sets,
and acti and predi show actual and predicted values, respectively,
for the it training sample.

fitness ¼
1
N

X

N

i¼1

acti � predið Þ
2

ð3Þ

3. Proposed methods

In the present study, we used Takagi and Sugeno’s approach
(Takagi and Sugeno, 1993) of FLS to model the fault prediction pro-
cess that is based on six inputs and one output. The y part of Eq. (2)
is constant (0 or 1), which represents the faultiness or non-
faultiness of the program module. The line of code (LOC), cyclo-
matic complexity (CC), unique number of operands (UOPRD),
unique number of operators (UOPR), total number of operands
(TOPRD), and total number of operators (TOPR) are considered as
input parameters. We considered these six metrics because their
empirically-based thresholds are provided by Integrated Software
Metrics, Inc. (ISM) (2013) and because they are considered in sim-
ilar studies (i.e., Radjenović, 2013; Al Dallal, 2013), which allows
for a result comparison. Only two linguistic variables are consid-
ered for each of the inputs, which are Low and High. The shape
of the membership functions is considered trapezoidal. Further-
more, the faultiness or non-faultiness of the input module is con-
sidered an output. The schematic diagram, which shows the
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relationship between the inputs and outputs of the proposed sys-
tem, is shown in Fig. 1.

This paper presents two methods – Method 1: Implementation
of a manually designed FLS. Method 2: Adjusting the rule-base and
data-base of the FLS with genetic algorithm (GA), which is
explained below.

3.1. Method 1: Implementation of manually designed fuzzy logic

system (FLS)

Based on expert opinions, user expectations, software require-
ments, records of existing field data from a previous release or sim-
ilar system (Kumar et al., 2008), and metrics thresholds, a linguistic
variable can be determined. Note that the membership function
distributions and rule-base of the fuzzy logic system are developed
with experts assistance, a literature review (Catal and Diri, 2009),
and numerous trial and error processes. In this paper, we used
method-level metrics thresholds. Menzies et al. (2007) claimed
that useful software measurements metrics for software fault pre-
diction are method-level metrics (McCabe, 1976), and knowledge
about their corresponding threshold values can be found in both
the literature and the predictive tool documentation provided by
the integrated software metrics group (Integrated Software
Metrics, Inc. (ISM), 2013) (Refer to Table 1).

Because there are two linguistic variables for each input, a

total of 64 (i.e.,26) rules need to be accounted for initially for

the manually constructed FLS. For visualization purposes, the
membership functions and fuzzy profiles of all selected input/out-
put variables are shown in Fig. 2. The half-base widths, two for
each input variable A1, A2, B1, B2, C1, C2, D1, D2, E1, E2, F1, and
F2 of trapezoidal membership function distributions are all
decided based on literature reviews, expert advice, and a number
of tests. The manually constructed system was built based on dif-
ferent training datasets and was tested with other unseen data-

sets. The overall structure of Method 1 is shown in Fig. 3. The
manually developed rule-base for the fault prediction process is
given in Appendix A as well.

As shown in Fig. 3, building the FLS model starts with defin-
ing the rules and membership function intervals using the
threshold values provided by Integrated Software Metrics, Inc.
(ISM) (2013). The membership function’s intervals as well as
the rules’ conditions have been continuously changed based on
the trained datasets in order to show the improved performance
results using the performance evaluation criteria listed in
Section 4.2.

3.2. Method 2: Adjusting the rule-base and data-base of the fuzzy logic

system with genetic algorithm (GA_FLS)

In the second method, the manually constructed FLS containing
the data-base and rule-base parts are both optimized by using the
genetic algorithm. To apply a genetic algorithm, binary coding, a
steady-state selection, uniform crossover, and a bitwise mutation
are used. Each chromosome includes information represented by
A through F values (refer to Fig. 2 of all input values, followed by
the rule values as shown below. In addition, the following genetic
algorithm parameters are found to be sufficient for giving the best
results. The crossover and mutation probability are considered 0.6
and 0.005, respectively. Moreover, the population size is set to 150,
and 50 is assigned for the maximum number of iterations.

The length of the chromosome is considered to be 184, which
contains 10 bits for each A through F value of six inputs, which
has a total of 120 bits, followed by 64 bits in which each one rep-
resents the presence or absence of each rule. For optimization pur-
poses, the suitable ranges of variation for the A through F values
are decided after careful study, and the initial ranges are shown
in Table 2 for each input value. With this method, good rules are
also identified in the rule-base. The overall structure of Method 2
is shown in Fig. 4.

As shown in Fig. 4, the process of building GA_FLS starts by gen-
erating the binary string, includingmembership values and rules, by
defining the membership ranges using Table 2, which are selected
based on threshold values provided by Integrated Software
Metrics, Inc. (ISM) (2013). In the next stage, the expert system is
built using the fuzzy logic systemand genetic algorithm. The perfor-
mance of themodel is calculated based on the fitness function and is
evaluated using performance metrics. If the performance is not
acceptable, the best binary string based on the fitness function is
selected, the crossover and mutation operators are applied, and
the new expert system is modeled based on new parameters.

One of the key factors of optimizing the performance of the
expert system is the way in which the chromosomes are selected
for addition or elimination based on the fitness function value in
the GA process. Because obtaining a good fault prediction model
depends on minimizing the two metrics: false positive rate and
false negative rate, we consider the fitness function as a combina-
tion of these two factors. The selected chromosomes for addition or
elimination are chosen based on the minimum or maximum of the
sum of these factors, respectively. An explanation about the false
positive and false negative rates are presented in Section 4.2.

Fig. 1. Input and output variables of the fault prediction process.

Table 1

Description of the parameters.

No Parameter description Notations Low High Threshold
values

1 Line of code LOC 40 80 65
2 Cyclomatic complexity CC 8 15 10
3 Unique number of operands UOPND 15 35 25
4 Unique number of operators UOPR 25 60 40
5 Total number of operands TOPND 110 145 125
6 Total number of operators TOPR 50 90 70
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4. Experimental description and results

4.1. Dataset selection

The proposed models are evaluated based on seven datasets
(PROMISE, 2012). Three datasets are from a Turkish white-goods
manufacturer developing embedded controller software, namely,
AR3, AR4, and AR5, which we refer to as the Turkish set. Four more
datasets, belonging to NASA software, were also chosen to analyse
the performance of the proposed model through larger datasets.
From now on, we will refer to them as NASA sets. Brief explana-
tions about each of the datasets are presented in Table 3. The mea-
surement metrics presented in the Turkish and NASA sets are
varied; however, only six are chosen for the fault prediction pro-
cess as the dimensions of the datasets should be the same as
(Bishnu and Bhattacherjee, 2012; Catal et al., 2009) for comparison
purposes. Table 4 provides the descriptive statistics for each of the
six metrics being considered, including the minimum, 25% quartile,
mean, median, 75% quartile, maximum value, and standard devia-
tion. According to statistics presented in Table 4, All NASA datasets
are having similar range of LOC, CC, UOPND values in terms of min-
imum, 25% quartile, mean, median, 75% quartile, and standard
deviation, except for the maximum values, MW1, PC4, KC3, KC1,
and CM1 have similar range of values. On the other side, PC1,

PC2, and PC3 values are near each other. P5 and JM1 have similar
maximum values since they are big datasets compared to others.
In terms of UOPR, interestingly, MW1 and JM1 have similar maxi-
mum range values as well as KC3, KC2, and PC4. In addition, in
terms of TOPR, PC3 and JM1 maximum range values are similar.
Moreover, in TOPND, P5, PC3, and JM1 maximum values are close
to each other. In Turkish set, AR3 and AR5 values are more similar.
By comparing statistics between NASA and Turkish set, we identi-
fied that in terms of UOPND, TOPR, and TOPND value ranges, all
three Turkish datasets are close to KC1 and KC3.

4.2. Performance measurement criteria

Four performance evaluation metrics are used for evaluating
the proposed model: false positive rate, false negative rate, overall
error rate, and Matthews’s correlation coefficient (Matthews,
1975). After specifying the module labels, each of the evaluation
metrics is calculated based on the confusion matrix. The condition
of false negative (FN) occurs when the actual label is faulty, and we
predict that it is non-faulty and false positive (FP) otherwise. We
obtain the condition of true positive (TP) and true negative (TN)
when the predicted labels are the same as the actual labels. The fol-
lowing equations are used to calculate the three evaluation
metrics.

Fig. 2. Manually defined membership function distribution of the input–output variables.
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FalsepositiverateðFPRÞ ¼
FP

FPþ TN
ð4Þ

FalsenegativerateðFNRÞ ¼
FN

TPþ FN
ð5Þ

Overallerrorrate ¼
FNþ FP

TPþ FNþ FPþ TN
ð6Þ

MCC ¼
TP� TN� FP� FN

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

TPþ FPð Þ � TPþ FNð Þ � TNþ FPð Þ � TNþ FNð Þ
p ð7Þ

F�measure ¼
2 � TP

2 � TPþ FPþ FN
ð8Þ

4.3. Results and discussion

Initially, the proposed system was developed based on the
Mamdani and Assilian (1999, 1975) approach to show the degree
of faultiness based on five linguistic output variables (very low,
low, medium, high, very high). However, the model should be com-
pared with existing prediction algorithms and other studies. Mam-
dani’s method was substituted with Takagi and Sugeno (1993) to
have the output data be either faulty or non-faulty. Two different
methods have been developed to calculate the faultiness of the
program modules and improve the prediction accuracy in the
absence of class or module labels.

4.3.1. Method 1: Implementation of manually designed fuzzy logic

system (FLS)

As described in Section 3.1, all A through F values related to
each input membership function are decided manually based on
literature reviews and software quality expertise (Fig. 2). After
the development of the fuzzy expert system, the prediction accu-
racy, with the help of 14 different datasets (NASA set and Turkish
set), is calculated. Table 5 shows the performance evaluation met-
rics in terms of the FPR, FNR, overall error rate, MCC, ands. These
results will be compared and discussed later in this paper in
Section 4.3.3.

4.3.2. Method 2: Adjusting rule-base and data-base of the fuzzy logic

system with genetic algorithm (GA_FLS)

According to the proposed model presented in Section 3, a
genetic algorithm is used to adjust and tune all membership func-
tion distributions and rule-base of the fuzzy expert system. In this
section, optimization is done based on the basic dataset from each
of the NASA and Turkish sets. When the optimization is complete,
the expert fuzzy system is tested for prediction accuracy with the
rest of the remaining NASA and Turkish datasets. After the fuzzy
expert system is optimized with each of the datasets and the final
system is tested with the other remaining datasets, we observed
that the results, after constructing the GA_FLS based on CM1 and
AR4 from the respective NASA and Turkish datasets, show better
comparison results with the others.

The prediction results on the tested datasets, based on the
expert system that is constructed and optimized with CM1 and
AR4, are presented in Tables 6 and 9. The A through F values, after
optimization for CM1 and AR4, are also shown in Tables 7 and 10,
respectively. Moreover, the genetic algorithm selected 24 and 20
rules from a total of 64 rules (refer to Appendix A) based on the
CM1 and AR4 optimization, which is shown in Tables 8 and 11,
respectively. The rule number in the tables indicates the actual rule
number, which is shown in Appendix A. Furthermore, Figs. 5 and 6
show themean error performance changes in terms of the FPR, FNR,
overall error rate, MCC, and F-measure during genetic optimization
in different generations. The results presented in Tables 6 and 9will
be compared and discussed later in this paper in Section 4.3.3.

Note that, some of the datasets such as KC1, KC2, JM1, and PC4
are more defective, hence, as reported in the result section Tables 5
and 6, their FNR values are not as good as other datasets; however,
even with this issue, the GA_FLS model improves the performance

Fig. 3. Process steps in Method 1 (FLS).

Table 2

Initial base values (A through F) for optimization.

Representative
letters

Value ranges Representative
letters

Value ranges

A1 20–50 D1 15–35
A2 50–100 D2 35–75
B1 5–10 E1 80–110
B2 10–25 E2 110–150
C1 10–20 F1 35–60
C2 20–40 F2 60–100
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of these datasets compared to manual FLS and almost other
models.

As shown in Figs. 5 and 6, the FNR value in the optimization,
based on CM1 from the NASA set, dramatically decreases, whereas
the FPR and overall error rate remains approximately constant. All

evaluation performance metrics are decreased based on AR4 from
the Turkish set.

The reason we did not optimize the expert system based on the
other systems in the Turkish set, including AR3 and AR5, is that they
have very small data populations (i.e., 36 and 63, respectively).

Fig. 4. Process steps in Method 2 (GA_FLS).

Table 3

Dataset descriptions.

Name Description Programming
Language

No. of
modules

Defective Modules
%

AR3 Controller software for washing machine C 63 13%
AR4 Controller software for dishwasher C 107 19%
AR5 Controller software for refrigerator C 36 22%
CM1 NASA spacecraft instrument project C 498 10%
PC1 Flight software for earth-orbiting satellite C 1109 7%
PC2 Flight software for earth-orbiting satellite C 5589 0.4%
PC3 Flight software for earth-orbiting satellite C 1563 10%
PC4 Flight software for earth-orbiting satellite C 1458 18%
PC5 Flight software for earth-orbiting satellite C++ 17,186 5%
KC1 Storage management for receiving and processing ground data C 1183 29%
KC2 Science data-processing unit of storage management system used for receiving and delivering

ground data
C++ 522 22%

KC3 Storage management for receiving and processing ground data JAVA 458 9%
MW1 Software application from zero-gravity-combustion experiment C 403 8%
JM1 A real time predictive ground system C 10,883 19%
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Table 4

Descriptive Statistics for Each of the Metrics.

Name Metrics Minimum 25% Quartile Mean Median 75% Quartile Maximum Standard Deviation

CM1 LOC 2 9 32.3485 19 33.5 423 44.7190
CC 1 1 5.8109 3 6 96 8.7561
UOPR 1 9 16.082 15 20 72 9.6657
UOPND 0 8 27.8929 17 33 314 35.3258
TOPR 1 19 96.8974 47 105 1261 140.6658
TOPND 0 11 60.9954 29 69 814 90.7808

PC1 LOC 0 8 25.7177 14 29 602 37.2830
CC 1 2 6.0866 3 7 136 9.52084
UOPR 1 9 14.2124 13 18 99 8.1349
UOPND 0 7 22.7938 14 27 538 30.6174
TOPR 1 18 73.8826 37 80.75 1641 118.4475
TOPND 0 13 56.6374 28 61 1144 91.3591

PC2 LOC 0 5 16.746309 10 17 663 33.827024
CC 1 2 4.3637584 3 5 144 6.9375499
UOPR 4 8 11.774497 11 14 46 4.954106
UOPND 1 5 12.451007 8 14 245 17.752573
TOPR 4 13 46.044295 24 44 1198 84.540643
TOPND 1 9 31.748993 16 31 843 57.898782

PC3 LOC 0 10 29.922006 18 33 817 48.039341
CC 1 3 7.273909 4 7 299 12.589538
UOPR 4 11 15.232126 14 18 68 6.413129
UOPND 2 10 27.753018 18 33 768 44.345806
TOPR 5 25 90.471681 46 91 5590 225.77946
TOPND 2 18 73.264624 36 73 4015 182.94978

PC4 LOC 0 6 20.6138546 12 26 210 25.234081
CC 1 1 4.83950617 3 6 94 6.6682565
UOPR 0 7 15.2321263 11 15 38 6.6167031
UOPND 0 5 27.7530176 9 16 601 20.535942
TOPR 0 15 90.4716806 33 73 1687 103.99983
TOPND 0 9 73.264624 19 44 1403 71.446722

PC5 LOC 0 2 9.4085302 2 2 2072 62.373684
CC 1 1 2.0381124 1 1 366 7.6985314
UOPR 0 3 4.4416967 3 6 85 4.2796491
UOPND 0 0 4.4765507 1 3 2241 25.93173
TOPR 0 3 23.857326 3 7 10,862 209.57392
TOPND 0 0 14.668277 1 3 5169 126.34343

KC1 LOC 1 10 31.950972 20 41 288 34.974092
CC 1 1 4.0912933 2 5 45 4.7717921
UOPR 0 6 10.501268 10 14 37 5.7671797
UOPND 0 5 14.91885 11 21 120 13.720876
TOPR 0 11 50.282333 27 66 678 61.964496
TOPND 0 7 30.79459 17 40 428 38.358549

KC2 LOC 1 11 52.6736 30 60.75 1275 93.1063
CC 1 2 6.82634 4 7 180 13.2936
UOPR 1 7 11.8383 11 16 47 6.0620
UOPND 0 6 20.3473 15 27 325 25.2700
TOPR 1 12 83.8113 43 94.75 2469 172.284
TOPND 0 8 54.0389 28 66 1513 108.7268

KC3 LOC 0 3 16.919214 7 18 242 26.472066
CC 1 1 3.4475983 1 4 36 4.4929418
UOPR 1 6 10.543668 9 15 31 6.1739246
UOPND 0 2 15.681223 9 19 159 20.973123
TOPR 1 6 59.194323 23 67 857 98.178974
TOPND 0 3 34.384279 13 36 556 59.918807

MW1 LOC 3 9 21.4802 15 28 112 18.6528
CC 1 1 4.6728 3 6 28 4.8226
UOPR 2 13 38.3192 24 53 396 40.1048
UOPND 3 17 48.9920 32 63 493 50.2769
TOPR 2 9 21.3667 16 31 107 16.8949
TOPND 3 7 11.6279 10 15 44 6.4673

JM1 LOC 1 15 46.25084 26 51 3442 80.5752
CC 1 2 6.781933 4 7 470 14.07788
UOPR 0 9 13.81457 13 17 411 10.04654
UOPND 0 8 21.3945 15 25 1026 28.93176
TOPR 0 21 87.58879 44 90 5420 165.4444
TOPND 0 14 59.78553 30 62.75 3021 109.2398

AR3 LOC 3 18 89.2698 57 114.5 670 116.7320
CC 1 1 13.1746 5 16.5 85 17.9178
UOPR 3 6 12.2539 11 16 31 7.0641
UOPND 4 13.5 37.3015 25 51 142 32.7392
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4.3.3. Discussion and comparison

Two proposed fault prediction methods based on fuzzy logic
have been proposed, tested, and compared based on mentioned
evaluation metrics with 14 different datasets. Two sets of

comparison have been explored, which are different as seen in
the types of datasets (NASA/Turkish) and according to the available
research studies. Moreover, the performance of our proposed
model compared with selected well-performing supervised models
based on the literature reviews (Catal and Diri, 2009; Hall et al.,
2012; Abaei and Selamat, 2014c) which are the random forest
(RF), naive Bayes (NB), and logistic regression (LR).

In the first comparison, the results based on the NASA sets are
compared with other existing approaches proposed by other
researchers namely, the one (CO) and two-stage (CT) approaches
(Catal et al., 2009), and three supervised learning algorithms ran-
dom forest (RF), naive Bayes (NB), and logistic regression (LR). In
the second comparison and in two more related articles, experi-
ments were conducted based on the Turkish sets. These two addi-
tional methods are the quad tree-based k-means approach (QDK)
(Bishnu and Bhattacherjee, 2012) and the two-stage x-mean
approach (CX) (Catal et al., 2010). The explanation for each of these
methods was given in Section 2.1. For simplicity, we refer to the
first and second proposed methods as FLS and GA_FLS. The visual
representation of the comparison in the NASA and Turkish sets
are shown in Figs. 7 and 8, respectively.

The results of applying Wilcoxon test to the predictors’ overall
error rate are shown in Tables 12 and 13. Since the p-value
obtained from the Wilcoxon signed rank test are less than 0.05
for all the comparisons, the existence of a significant difference
between the GA_FLS predictions and those achieved by the other
predictors is substantially proved.

Based on the results reported in Fig. 7, the FNR value for GA_FLS
is better than FLS and the other existing methods except for KC3,
and PC5. For all the datasets, GA_FLS and FLS are comparable with
RF, NB, and LR. FPR and the overall error rate values are not very
different from FLS and GA_FLS. Although the FPR values in NB,
RF, and LR are very low in all the datasets, the FNR values are very
high, which makes the model unstable and unreliable. GA_FLS may
not outperform the other methods in terms of overall error rate
and FPR, but it gives balanced results with convincing performance
while decreasing the FNR rate dramatically. Erroneous predictions
of modules, which are misclassified, as non-faulty (FNR) is worse
than incorrectly predict them as faulty. This is because a higher
FNR value denotes that many fault-prone modules cannot be iden-
tified (Catal et al., 2010), which is critical. As shown in Fig. 7, the
very low FPR value using NB, RF, and LR has a positive impact on
the overall error rate as well; however, these results are not bal-
anced and cannot be generalized.

According to the results presented in Fig. 8, the overall error
rate and FPR values for GA_FLS are better than manually designed
FLS, QDK, CO, CT, and CX for AR3, aside from NB, RF, and LR. The
overall error rate and FPR values using GA_FLS are also better than

Table 5

Results of the module fault proneness using Method 1, manual fuzzy logic system
(FLS).

Testing dataset Overall error FPR FNR MCC F-measure

CM1 0.2764 0.2603 0.4130 0.2205 0.3930
KC1 0.2506 0.1083 0.6701 0.3428 0.4086
KC2 0.2067 0.1333 0.3979 0.4686 0.4493
KC3 0.1935 0.1962 0.1764 0.4793 0.3218
MW1 0.1680 0.1495 0.3928 0.3125 0.2666
JM1 0.2691 0.1919 0.5623 0.2325 0.4181
PC1 0.2949 0.2078 0.4193 0.2781 0.3255
PC2 0.1000 0.0852 0.7500 0.2901 0.1818
PC3 0.2603 0.2344 0.4402 0.1697 0.3703
PC4 0.2195 0.2013 0.4400 0.2266 0.2031
PC5 0.2819 0.3425 0.1529 0.4705 0.5068
AR3 0.3968 0.4181 0.2500 0.3142 0.4800
AR4 0.2710 0.2758 0.2500 0.3840 0.3710
AR5 0.2500 0.2857 0.1250 0.4969 0.3924

Table 6

Results of the module fault proneness using Method 2 on the NASA set (GA_FLS).

Testing dataset Overall error FPR FNR MCC F-measure

CM1 0.2424 0.2403 0.2608 0.3376 0.4102
KC1 0.2331 0.1003 0.6323 0.2997 0.4295
KC2 0.1586 0.1029 0.3283 0.5715 0.6766
KC3 0.2277 0.1901 0.4750 0.2119 0.5384
MW1 0.1481 0.1345 0.3181 0.3771 0.4054
JM1 0.2360 0.1637 0.5311 0.2910 0.4487
PC1 0.1982 0.1875 0.3529 0.2735 0.2959
PC2 0.1152 0.1051 0.5625 0.1199 0.1224
PC3 0.2385 0.2192 0.3877 0.2838 0.4117
PC4 0.2369 0.1798 0.5863 0.1125 0.2800
PC5 0.2841 0.2092 0.4772 0.3078 0.6575

Table 7

Base values (A through F) after optimization based on CM1.

Representative
letters

Value ranges Representative
letters

Value ranges

A1 21 D1 21
A2 69 D2 58
B1 6 E1 98
B2 10 E2 177
C1 18 F1 48
C2 32 F2 63

Table 4 (continued)

Name Metrics Minimum 25% Quartile Mean Median 75% Quartile Maximum Standard Deviation

TOPR 8 33.5 137.2222 74 166.5 817 163.6271
TOPND 5 25.5 103.2222 58 124 575 117.4031

AR4 LOC 6 21.5 73.7619 50 85.5 324 75.6977
CC 1 2 7.61904 5 10 37 8.1209
UOPR 4 7 11.8412 12 16 28 5.7085
UOPND 4 9.5 23.0952 20 30 94 17.3165
TOPR 9 27 84.3492 57 110.5 401 87.6935
TOPND 5 17.5 55.8095 37 73.5 261 56.347

AR5 LOC 5 20.5 75.8888 42 112.75 477 90.1296
CC 1 1.75 13.7777 7 21 93 18.2069
UOPR 3 6 12.5833 11 16.25 29 7.5114
UOPND 5 14.75 35.0277 26.5 46.5 150 29.8677
TOPR 9 34.75 127.4722 58.5 210.25 699 142.3760
TOPND 5 28 93.3333 51.5 153.25 482 98.8265
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those for all of other considered approaches for AR4 and AR5,
except for QDK, NB, RF, and LR. The performance of the GA_FLS
using the FNR value for AR3 and AR5 are almost similar for all
models; for AR4, it is better than manually designed FLS, QDK,
NB, and RF and is the same as CO and CT. In AR4, the FNR value
for GA_FLS is less than the values of all models except QDK.
According to Fig. 8, the overall error rate using NB, RF, and LR are
extremely small, especially in AR3 and AR4, which is due to the
positive impact of a very small FPR. However, as explained earlier,
the model performance cannot be solely decided based on one
parameter and should be analysed based on the number of
wrongly identified fault-prone modules and non-faulty modules.

For more comparison, the results of the proposed GA_FLS model
is also compared with other papers which used NASA sets with
F-measure as an evaluation metric namely, the (NSGLP) approach

(Zhang et al., 2017), iterative semi-supervised approach-fitting
the fits (FTF) (Lu et al., 2011), and random committee with
under-sampling (ROCUS) (Jiang et al., 2011). As can been seen in
Tables 14, GA_FLS outperformed almost all other methods except
for KC1, PC1, and PC4 which NSGLP performed better.

5. Threats to validity

In all research-based studies, researchers may encounter
threats to validity. In this paper, three types of threats to validity,
which are threats to internal validity, threats to evaluating the
validity, and threats to external validity, are considered. Each is
explained in the following sections.

Table 8

Results of optimized rule-base of the fuzzy logic system obtained using Method 2 (GA_FLS) on the CM1 from NASA set, ‘‘L” Denotes ‘‘Low”, ‘‘H” Denotes ‘‘High”.

Rule LOC CC UOPR UOPND TOPR TOPND Fault Rule LOC CC UOPR UOPND TOPR TOPND Fault

8 H H L L L L 0 32 H L L L H H 1
10 H L L H L L 0 33 L H H H L L 1
13 L H H L L L 0 36 L H L H H L 1
14 L H L H L L 0 37 L H L H L H 1
18 L L H L H L 0 38 L H L L H H 1
22 L L L L H H 0 43 H H H H L L 1
23 H H H L L L 1 48 H H L H H L 1
24 H H L H L L 1 49 H H L H L H 1
26 H H L L L H 1 50 H H L L H H 1
27 H L H H L L 1 56 L H L H H H 1
28 H L H L H L 1 62 H L H H H H 1
29 H L H L L H 1 64 H H H H H H 1

Table 11

Results of optimized rule-base of the fuzzy logic system obtained using Method 2 (GA_FLS) on the AR4 from the Turkish set, ‘‘L” Denotes ‘‘Low”, ‘‘H” Denotes ‘‘High”.

Rule LOC CC UOPR UOPND TOPR TOPND Fault Rule LOC CC UOPR UOPND TOPR TOPND Fault

1 L L L L L L 0 37 L H L H L H 1
3 L H L L L L 0 38 L H L L H H 1
7 L L L L L H 0 39 L L H H H L 1
10 H L L H L L 0 42 L L L H H H 1
20 L L L H H L 0 43 H H H H L L 1
23 H H H L L L 1 45 H H H L L H 1
28 H L H L H L 1 55 L H H L H H 1
29 H L H L L H 1 57 L L H H H H 1
34 L H H L H L 1 63 L H H H H H 1
36 L H L H H L 1 64 H H H H H H 1

Fig. 5. Error performance changes during genetic optimization in different gener-
ations using Method 2 (GA_FLS) on CM1.

Table 10

Base values (A through F) after optimization based on AR4.

Representative
letters

Value ranges Representative
letters

Value ranges

A1 20 D1 31
A2 84 D2 58
B1 8 E1 126
B2 19 E2 144
C1 19 F1 42
C2 36 F2 95

Table 9

Results of the module fault proneness using Method 2 on the Turkish Set (GA_FLS).

Testing dataset Overall error FPR FNR MCC F-measure

AR3 0.3161 0.4250 0.3428 0.3076 0.4285
AR4 0.2065 0.2069 0.2912 0.4198 0.5490
AR5 0.1875 0.2083 0.1250 0.5962 0.7000
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5.1. Threats to internal validity

Usually in fault prediction studies, public datasets are used for
the purpose of generalization. In such cases, researchers do not
know much about the process of preparing these datasets as well
the tools that are used. This problem cause the problem of internal
validity could be a threat to internal validity. In addition, using
only six software measurement metrics can be another threat as
the prediction performance may be improved if more measure-
ment metrics are employed. Furthermore, one could argue that
more advanced and current software metrics should be used such
as object oriented and agile software metrics to make the predic-
tion model more applicable in real development practice.

5.2. Threats to evaluate validity

The evaluation process is very important for identifying
whether any model has performed well or not. Threats to evaluat-

ing validity have two sections: specifying the proportion of test
data to train data in the dataset and determining the performance
evaluation metrics.

In specifying the proportion of test data to train data, a very
optimistic idea is to consider a part or an entire set of training data
as testing set. In such case, the results do not reflect the real perfor-
mance of the model. However; in this paper we followed two
approaches, first, we used 10-fold cross validation technique to
avoid any bias in the results and conclusions, and second, we
applied the proposed model on number of new similar datasets
to minimize the mentioned problem.

For determining the performance evaluation metrics, we
should note that, these measurement metrics must be carefully
selected according to what the study wants to measure otherwise
the direction of the study goes wrong. Although there are other
performance measurement metrics, selection of these metrics
makes the results comparable with other prior studies. In fact,
we used the FPR, FNR, and overall error rate to compare our
results with those reported in the literature. However, the results
could be analysed differently if these evaluation metrics are
changed.

5.3. Threats to external validity

The most important external threat in experiment-based stud-
ies is how the proposed estimation models can be generalized in
the real world. Although two sets of industrial datasets from NASA
and Turkish electrical goods software including 14 datasets con-
taining different population size and defect rates are used for the
purpose of generalization, however, our proposed models should
be applied and need to be tested with other industrial datasets
as well. In addition, the datasets of other programming languages,
such as Java, can better generalize the obtained results.

5.4. Threats to methods selection validity

In the current paper, a genetic algorithm was used as GA
because it has been widely utilized in prior studies and it has pre-
sented convincing results. One may claim that GA is a slow

Fig. 6. Error performance changes during genetic optimization in different gener-
ations using Method 2 (GA_FLS) on AR4.

Fig. 7. Comparison results based on the NASA set.
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algorithm; however, time is not an issue in our problem and this
selection does not imply inefficiency of other methods. Since GA
has presented an acceptable performance in many disciplines, we
employed it in our proposed model and leave other optimization
algorithms like particle swarm optimization, bee colony, ant
colony, and many more for further investigation as future works.
Furthermore, it should be mentioned that methods such as time
series are not applicable since the observations are not collected
over time and data values are not obtained at successive times or
with equal intervals between them (Brockwell and Davis, 2016).
NASA and Turkish datasets that were used in this research are
not collected as such.

5.5. Threats to construct validity

The predictors are sensitive to adjustments, alternatives and
configurations. This issue must be considered in the construction
process to avoid inefficient prediction models. The fitness function,
parent and survival selection, the type of crossover and mutation
operator, crossover and mutation probability, population size,
and number of iterations are choices that may affect the perfor-
mance of the proposed model. Actually, an exhaustive trial and
error process was conducted to determine the initial parameters
and different combination of mentioned parameters were verified
to reach the best structure and to find the most efficient model;

Fig. 7 (continued)
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however, we may not claim that our setting adjustments are the
best combination.

6. Conclusion and future work

Software fault prediction approaches can assist software devel-
opers in quality practices and software testing especially when the
delivery of the project is delayed. However, building fault predic-
tion models is very difficult when there is no information about
the label of modules whether they are faulty or not and when there
is no historical data available (cross-project prediction). Building

these types of systems can be done using metrics thresholds, but
the results are changed when varying the thresholds intervals
and rules conditions. According to the analysis, fuzziness in thresh-
old values intervals and rules are found. Thus, an expert system
based on fuzzy logic is developed to model this fuzziness. Further-
more, GA is used to tune the rule-base and data-base of the expert
system. GA_FLS is able to predict module fault proneness by iden-
tifying the appropriate threshold value intervals and selection of
optimal rules. In this study, the threshold values are only used as
initial parameters for expert systems.

The validation of two models has been performed using 14
industrial datasets. The empirical results have confirmed the effi-
ciency of the proposed GA_FLS method over the manual FLS and
other methods considering FNR values in all test cases. The perfor-
mances of the manual FLS and GA_FLS method are found compara-
ble to other proposed methods, such as random forest, naive Bayes,
and logistic regression in most test cases.

Predicting a lower value in FNR means that most fault-prone
modules can be detected prior to the system testing, which is use-
ful for testers and project managers who wish to allocate their time
and resources for these parts when there is a limited period and
budget for testing a software project.

In the future, we plan to investigate the performance of the pre-
diction models based on other metaheuristic algorithms rather
than genetic algorithm such as particle swarm optimization and
bee colonies. Furthermore, a deep analysis of other software mea-
surement metrics, such as object-oriented and agile software met-
rics, will be performed with the hope of finding proper threshold
values as well as accurate rules that can be employed as an initial
parameter in the fuzzy expert system. In addition, use of alterna-
tives linguistic approaches to be introduced in expert systems as
type 2 Fuzzy sets, ordinal linguistic approach, multi-granular lin-
guistic approach will also be investigated.
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Fig. 8. Comparison results based on the Turkish set.

Table 14

Comparison between GA_FLS and other method’s F-measure rate on NASA set.

Testing dataset GA_FLS FLS FTF ROCUS NSGLP

CM1 0.4102 0.3930 0.30 0.33 0.37
KC1 0.4295 0.4086 0.37 0.41 0.44

KC3 0.5384 0.3218 0.33 0.36 0.40
MW1 0.4054 0.2666 0.22 0.23 0.34
JM1 0.4487 0.4181 0.38 0.44 0.43
PC1 0.2959 0.3255 0.23 0.24 0.35

PC3 0.4117 0.3703 0.25 0.26 0.34
PC4 0.2800 0.2031 0.36 0.39 0.49

PC5 0.6575 0.5068 0.45 0.46 0.59

Table 13

P-values of Wilcoxon test on overall error rate (GA_FLS vs. the other predictors) in
Turkish set.

FLS QDK CO CT CX NB RF LR

0. 04 0.04 0.04 0.04 0.04 0.02 0.02 0.02

Table 12

P-values of Wilcoxon test on overall error rate (GA_FLS vs. the other predictors) in
NASA set.

FLS CO CT NB RF LR

0. 04 0.04 0.04 0.02 0.02 0.02
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Appendix A

Manually constructed rule-base of the fuzzy logic system, ‘‘L”
Denotes ‘‘Low”, ‘‘H” Denotes ‘‘High”.
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